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In laboratory  experiments  we  explore  the  effects  of communication  and  group  decision
making  on  investment  behavior  and on  subjects’  proneness  to behavioral  biases.  Most
importantly,  we show  that  communication  and  group  decision  making  do  not  impact  sub-
jects’ overall  proneness  to the  hot  hand  fallacy  and  to the  gambler’s  fallacy.  However,  groups
decide differently  than  individuals,  as  they  rely  signiﬁcantly  less  on  useless  outside  advice
from  “experts”  and  choose  the  risk-free  option  less  frequently.  Furthermore  we  document
gender  differences  in investment  behavior:  groups  of  two female  subjects  choose  the risk-
free  investment  more  often  and  are  marginally  more  prone  to  the hot  hand  fallacy  than
groups  of two male  subjects.
© 2015  The  Authors.  Published  by Elsevier  B.V.  This  is an  open  access  article  under  the
CC  BY  license  (http://creativecommons.org/licenses/by/4.0/).
. Introduction
The hot hand fallacy and the gambler’s fallacy are two  important behavioral biases in ﬁnancial markets. People who
re affected by these biases misinterpret random sequences. Speciﬁcally, when prone to the hot hand fallacy, people mis-
dentify a non-autocorrelated sequence as positively autocorrelated, generating beliefs that a run of a certain realization will
ontinue in the future. In ﬁnancial markets, for instance, this bias is observable when investors delegate decisions to experts
ike professional fund managers. Speciﬁcally, people mostly buy funds which were successful in the past, believing in the
anagers’ ability to prolong the performance record (see, e.g. Sirri and Tufano, 1998; Barber et al., 2005). Rabin (2002) callshis phenomenon overinference.
With the gambler’s fallacy, people expect possible realizations, even in a short sequence of events, to be represented
ccording to the overall probabilities (Tversky and Kahneman, 1971). Expressed more formally: a non-autocorrelated random
equence is believed to exhibit negative autocorrelation. The disposition effect can be seen as an exhibition of the gambler’s
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fallacy as investors (private and institutional alike) sell winners too soon and hold losers too long (Odean, 1998; Weber
and Camerer, 1998; Shapira and Venezia, 2001; Rabin, 2002; Chen et al., 2007). Kroll et al. (1988) document sequential
dependencies, predominantly the gambler’s fallacy in a portfolio selection task.
Biased decisions can lead to unfavorable or negative consequences for the decision maker. For instance, Goetzmann and
Alok (2008) document that U.S. investors who exhibit trend-related behavior – either trend chasing (hot hand) or contrarian
(gambler’s fallacy) – hold less diversiﬁed portfolios, implying negative risk and performance consequences. Investors’ belief
in hot hands of mutual fund managers (Brown et al., 1996; Chevalier and Ellsion, 1997; Sirri and Tufano, 1998) generates
fund inﬂows that are positively related to the past rank of a mutual fund. However, given the lack of persistence in fund per-
formance (see, e.g. Carhart, 1997; Malkiel, 2003, 2005) this behavior leads to biased decisions. In a different context, Dohmen
et al. (2009) relate the hot hand fallacy and the gambler’s fallacy to an increased probability of long-term unemployment and
to a higher probability of overdrawn bank accounts, respectively. Suetens et al. (2015) use data on lotto gambling and ﬁnd
evidence for both biases. They show that players tend to bet less on numbers that were drawn in the last week (gambler’s
fallacy) and bet more on numbers that were frequently drawn in the recent past (hot hand fallacy).
By using investment experiments Huber et al. (2010) investigate both biases in a uniﬁed framework. Participants in their
experiment are confronted with a series of independent coin tosses showing head and tail with probability 0.5 each. They
can choose to (a) predict the realization of the next coin toss themselves, (b) delegate the decision to computerized random
agents, called experts, or (c) take a risk-free payment. As reward subjects receive 100 Taler (the experimental currency) for
a correct decision while 50 Taler are deducted for an incorrect one. Delegating the investment decision to an expert offers
the same payoffs, but a fee is deducted. The risk-free option offers a reward of 10 Taler with certainty. Hence, payoffs are
calibrated such that predicting for oneself is preferred to delegating the decision to an expert and the latter is preferred to
the risk free alternative, for a participant who is risk neutral (with the implicit assumptions that (i) they believe the coin toss
is i.i.d., (ii) they believe the coin has a 50% chance of heads, and (iii) they understand how to optimize in this environment).
Huber et al. (2010) observe both, the hot hand and the gambler’s fallacy, in subjects’ decisions. Speciﬁcally, experts are
selected more frequently, the more successful they had been in the past. This implies that subjects expect hot hands in
the computerized agents’ decisions. In addition, among subjects picking head or tail themselves the authors observe the
gambler’s fallacy as head (tail) is chosen less frequently after streaks of heads (tails).1,2 By using a similar framework but
labelling experts differently, Powdthavee and Yohanes (2015) report strong hot hand fallacies to outside advice for the
outcome of randomized coin tosses. In their paper “experts” were modelled as envelopes with predetermined advice for
each period of the investment game.
Here we use the setup of Huber et al. (2010) to study the effects of team decision making on investment decisions and
behavioral biases. Many, probably most, decisions of huge economic importance are made by groups rather than individuals,
e.g. the “Federal Open Market Committee” of the FED consists of seven members and the “Governing Council of the European
Central Bank” currently consists of 25 members that jointly decide on monetary policy. In ﬁnancial markets, teams of fund
managers decide on the investment strategy of a fund and which stocks to pick.3 Ample evidence in the literature supports
the positive impact of group decision making on decision quality. Irrespective of decisions being made in strategic or non-
strategic situations, groups usually perform equally well or better than individuals.4 Though group decision procedures are
widely implemented, we know surprisingly little about how they affect potentially present behavioral biases in ﬁnancial
markets.5
We  focus on two research questions (RQ). In RQ 1 we analyze differences in decision making between individuals and
groups on the aggregate level and over time. In a second step, we split our sample to investigate potential effects originating
from the gender composition of groups. The second part of RQ 1 is motivated by ample previous literature highlighting
differences in decision making by gender, which we  also expect to play a role in our setting.6RQ 1: Do groups decide differently compared to individuals in selecting their investment or in relying on outside advice?
Does the decision behavior change over time? Does the gender composition of groups play a role?
1 In theory, the gambler’s fallacy and the hot hand fallacy can arise when predicting for oneself or when delegating the decision to an expert. For more
details  see Section 3.
2 Ackert et al. (2012) report that hiding information of past realizations prevents subjects in their experiment from exhibiting the gambler’s fallacy in
portfolio decision experiments. This approach, however, seems practically impossible, given the large amount of available ﬁnancial data and the attention
this  data generates.
3 Bär et al. (2011) document that teams of fund managers implement less extreme investment styles and less industry concentrated portfolios. In an
experiment Rockenbach et al. (2007) ﬁnd that team decisions are better in line with Portfolio Selection Theory than individual decisions, leading to a better
risk-return ratio. Keck et al. (2014) demonstrate that groups are more likely than individuals to make ambiguity-neutral decisions. They attribute this to
effective communication in groups.
4 Evidence in strategic games is provided in Feri et al. (2010), Sheremeta and Zhang (2010), Cheung and Coleman (2011), Casari et al. (2012) and Sutter
eta  al. (2013). Evidence in non-strategic games is provided in Bone et al. (1999), Blinder and Morgan (2005), Charness et al. (2007), Rockenbach et al. (2007),
Sutter (2007) and Fahr and Irlenbusch (2011). See Charness and Sutter (2012) and Kugler et al. (2012) for comprehensive reviews.
5 Charness et al. (2010) demonstrate that the conjunction fallacy is diminished substantially when groups of two or three communicate before making
a  decision. In an investment game Sutter (2009) ﬁnds no difference between individual and team decisions.
6 See Croson and Gneezy (2009) for a review of gender differences in economic experiments.
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aFig. 1. Design of the decision problem and payouts for one period.
In RQ 2 we investigate whether group decision making leads to ﬁnancial decisions less inﬂuenced by behavioral biases.
he second part of RQ 2 again focuses on whether gender affects behavioral biases. Dohmen et al. (2009) and Suetens and
yran (2012) provide some (inconclusive) evidence on this issue.
RQ 2: Are groups differently prone to behavioral biases such as the gambler’s fallacy and the hot hand fallacy compared to
individuals? Does gender composition of groups play a role?
The presence of behavioral biases in the investment decision experiment of Huber et al. (2010) allows us to test the
obustness of their results for group decision making. Using treatment indiv as reported in Huber et al. (2010) as our
enchmark, we  conduct further treatments with different levels of group decision making. In treatments comm and group
ubjects are assigned to groups of two and a chat is installed. While communication is possible in both treatments they differ
n the way decision making takes place. In treatment comm subjects can communicate, but decide individually. In treatment
roup subjects have to agree on a decision as a group.
We  ﬁnd that (i) communication and group decision making does not impact subjects’ overall proneness to behavioral
iases like gambler’s fallacy and hot hand fallacy. (ii) However, groups in treatment group rely less on useless expert advice
ompared to the other treatments. (iii) Group decision making in treatment group leads to fewer choices of the risk-free
lternative and to more own guesses on the realization of the coin toss compared to the other treatments. (iv) Finally, we
bserve that gender composition of groups plays a crucial role in investment behavior: groups of two  female subjects choose
he risk-free investment signiﬁcantly more often and delegate investment decisions less often to experts than groups of two
ale subjects. In addition, we are the ﬁrst to document that women (indiv) and female-only groups (comm and group)  show
 marginally higher proneness to the hot hand fallacy.
This paper is structured as follows: In Section 2 the design of the decision problem and the treatments are outlined.
ection 3 describes the conceptual framework, Section 4 presents the results and Section 5 summarizes and discusses the
esults.
. The experiment
.1. Design of the decision problem
At the beginning of the experiment subjects receive an initial endowment of 500 Taler (the experimental currency). In
ach of 40 periods subjects are asked to choose between a risky and a risk-free investment which differ in payouts (see
ig. 1).
When selecting the risk-free alternative (riskfree) subjects earn 10 Taler with certainty. The risky investment is simulated
y a coin toss showing head and tail with equal probabilities. The subjects’ task when going for this alternative is to choose
ne side of the coin. This can be done in two distinct ways. First, subjects decide whether to delegate the decision to one of ﬁve
omputerized agents, labelled “experts” (risk ), who then randomly pick one side of the coin for the subject or, second,expert
o make own guesses on the realization of the coin (riskown). In our framework subjects face different initial conditions
ith respect to their prior expectations about the randomness of the data generating process. More speciﬁcally, subjects
re informed about the data generating process underlying riskown, i.e., they are informed that the coin has 50% probability
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for each realization; but subjects are not explicitly informed about how the experts make their choices, i.e., subjects are not
explicitly told that the experts are randomizers.
If subjects make own guesses on the realization of the coin toss, they earn 100 Taler if their guess coincides with the
random coin realization, otherwise they lose 50 Taler, for an expected proﬁt of 25 Taler. When subjects delegate decisions
to the experts they have to pay two types of fees. First, an issue surcharge of 5 Taler is deducted if subjects select an expert
that they did not choose in the previous period. Staying with the same expert in the following periods does not trigger the
fee again. Second, a management fee of 1 Taler is collected each period a subject selects one of the experts.7 If the expert’s
decision and the coin realization are identical, 100 Taler minus charges are added to the subjects’ account. In the opposite
case, 50 Taler plus the charges are subtracted from his account (see Fig. 1).
When focussing on the payouts of the risky investment it becomes evident that riskown dominates riskexpert. riskown
exhibits a higher expected payout value and offers superior payouts for each state of nature (win, lose) as no fees apply.
While the choice between the riskfree option and the risky alternatives is subject to risk aversion, the choice of riskexpert
clearly constitutes an “inferior” choice compared to riskown.
2.2. Treatments
In treatment indiv each subject chooses between riskown, riskexpert, and riskfree individually. No communication
between subjects is allowed and actions by one subject do not inﬂuence actions or outcomes of other subjects.
In treatment comm subjects are randomly paired at the beginning of the experiment. Pairs are kept unchanged for the
entire experiment. The two subjects in a pair can chat for up to 90 s each period before making a decision.8 The chat area
is placed in the lower third of the main screen such that subjects can access their past decisions, their performance, and
the experts’ performance anytime during the experiment (see Appendix B of the online supplement for instructions and
screenshots). While subjects can exchange information and expertise via the chat, their decisions are still individual decisions,
i.e., the decision of the chat-partner has no inﬂuence on the subject’s payout.9
In treatment group a chat is set up exactly as in treatment comm,  but now the chat-partners are incentivized to reach
a joint decision. While each subject still has to enter his decision individually on the screen, they can only earn a positive
payoff if they select the same investment. If the chat-partners’ decisions are identical, payouts are calculated as previously
speciﬁed. However, when the decisions of the two chat-partners are not identical they are redirected to the chat for another
45 s. If the newly entered choices are still inconsistent, subjects are penalized by deducting 50 Taler from each subjects’
account irrespective of their choices.10
2.3. Implementation of the experiment
During the experiment each subject has access to several sources of information on the trading screen (see screenshots in
Appendix B of the online supplement). His current wealth, the number of periods played, previous decisions, the current and
past realizations of the coin, his success/failure, and the changes of his holdings in each period are displayed. Furthermore,
subjects are informed about the past history of the experts. In the starting period subjects see a randomly generated series
of ﬁve previous (imaginary, i.e., not played) periods (t − 4 to t = 0) of the experts’ history.11 In the lower part of the screen a
performance measure for experts is presented, which displays the percentage of correct decisions within the previous ﬁve
periods. The sources of information displayed to subjects are updated each period and subjects can access all sources at any
time during the experiment.
The realizations of the coin tosses are drawn randomly in advance and we  use the same realizations for each session to
ensure comparability across sessions. For a detailed list of the coin realization and information about the experts’ performance
in each period see Table A1 of Appendix A in the online supplement.
We  conducted 18 sessions (6 per treatment) with a total of 360 subjects (120 per treatment).12 In total we observed
4800 decisions per treatment yielding a total of 14,400 decisions to analyze. The experiments were conducted with z-Tree
(Fischbacher, 2007) and took place at the University of Innsbruck. Treatment indiv, taken from Huber et al. (2010), was run
7 This structure is similar to what many investment funds charge, i.e., an issue (entrance) surcharge and then an annual management fee.
8 The chat time was  reduced to 60 s after period 15 and it can be ended any time before the ofﬁcial stop by clicking an “End Chat”-Button.
9 Of 2400 decision pairs in treatment comm 1113 (46.4%) were different between the two  subjects of a group, while 1287 (53.6%) were identical.
10 We chose this design to make clear to subjects that they need to reach a joint decision. Out of 2400 decisions in treatment group subjects did not reach
a  joint decision in only ﬁve cases (0.2%), four of which happened in periods 1 and 2.
11 This sort of information is easily accessible on real ﬁnancial markets as it is an important marketing tool of mutual funds. Kroll et al. (1988) document
a  high demand for past return realizations in their experiment, though the knowledge of the underlying process reveals the uselessness of this sort of
information.
12 Tables A5 and A6 in Appendix A of the online supplement provide details on demographic characteristics (age, gender, semester of studying) and
subjects’ answers to questions about overconﬁdence, stock market experience, and mood across treatments and for each single session. We  ﬁnd no
signiﬁcant differences between treatments and no systematic differences between sessions.
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n March 2006 while treatments comm and group were run in June 2009.13 Subjects were recruited using ORSEE by Greiner
2004).
At the end of the experiment subjects’ accumulated Taler holdings were exchanged into Euros at a known ﬁxed rate of
00:1 and paid out privately in cash. The average payout was  EUR 14.
. Conceptual framework
We  develop a conceptual framework to model the hot hand fallacy and gambler’s fallacy following the approach of
owdthavee and Riyanto (2015, pp. 13–16). This model is a simpliﬁed version of the model presented in Rabin and Vayanos
2010) applicable to the decision problem in our experiment.
In line with Rabin and Vayanos (2010), we initially assume that each participant in the experiment observes two  sequences
f informative (public) signals whose probability distributions depend on some underlying states before deciding between
iskown and riskexpert in period t.14 This assumption might be interpreted such that the decision of subjects is “split” into
wo (independent) parts. First, subjects decide whether to invest on their own or to let an expert invest. Second, conditional
n having decided not to hand over the decision to an expert, subjects decide on which outcome to invest. Therefore, the
ignal that subjects observe on the expert’s performance in each period has an effect on what they choose in the ﬁrst part.
ccordingly, the signal that subjects observe about the coin has an effect on their choice in the second part. The ﬁrst signal
t provides the expert’s prediction in period t with a value of 1 if the prediction of an expert matches the outcome of the
oin realization and 0 otherwise:
at =  + ut. (1)
he second signal, st, represents the realization of a (fair) coin toss in periods t = 1, 2, . . . , 40, with 1 signalling “head” and 0
ignaling “tail”:15
st =  + t, (2)
here  represents the long-run mean of the i.i.d. signals, which is obviously 0.5 for a fair coin and a priori ﬁxed in our
xperiment. Due to the fact that an expert faces the same fair coin, the expert’s long-run prediction () theoretically equals
.5.16 t and ut are i.i.d. normal shocks with zero means, variances strictly greater than zero, and both can only take the
alues −0.5 and +0.5. One interpretation of the shock ut is the luck of an expert correctly predicting st in period t. Note, that
t is assumed that st and at are to be determined independently, indicating that coin realizations and experts’ predictions in
 certain period do not inﬂuence each other. This framework allows for different initial conditions with respect to subjects’
rior expectations about the randomness of the data generating process. More speciﬁcally, subjects are informed about the
ata generating process underlying riskown, but they are not explicitly informed about how the experts (riskexpert) make
heir choices.
In this context behavior consistent with the gambler’s fallacy arises when subjects have a mistaken belief about the
equence of the normal shocks (t, ut) not being i.i.d. but exhibiting systematic reversal (see Rabin and Vayanos, 2010).17
his false perception implies that (i) subjects will develop an erroneous belief that an experts’ prediction in period t is more
ikely to be incorrect (1 − a) following a streak of correct predictions (a) up to t − 1, and (ii) subjects will develop an erroneous
elief that the coin realization in period t is more likely to be tail (1 − s) after a streak of heads (s) up to t − 1.
By allowing for subjects’ perception about the nature of  to be inﬂuenced by a streak of correct (a) or incorrect predictions
1 − a) up to t − 1, it becomes possible to model behavior consistent with the hot hand, overruling the gambler’s fallacy. More
recisely, subjects’ perception about an experts long-run ability to predict the coin realization can change from being ﬁxed
t 0.5 to one that is developed according to the auto-regressive process:
t = 0.5 + (t−1 − 0.5) + t, (3)
13 The attentive reader recognizes that indiv was  run before the ﬁnancial crisis, while comm and group were run after the climax of the ﬁnancial crisis in
008 when Lehman Brothers went bankrupt on September 15. The considerable time lag between treatments might raise concerns about the interpretability
f  treatment effects because the ﬁnancial crisis may  well have affected how people think about “experts”. However, we are convinced that our student
ubject  pool was unlikely to have different priors in 2006 than in 2009. This argument is supported by Fig. 2 revealing that the share of subjects choosing
n  expert at the beginning of the experiment is highest in group (57%), closely followed by comm (53%), but markedly lower at 36% in indiv. If the crisis
ad  shaken trust in experts in our subject pool, we  should observe the opposite. Note that this concern does not restrict interpretation of treatment effects
etween comm and group.
14 Note that in our conceptual framework we  do not model subjects’ decision between the two risky options (riskown and riskexpert) and riskfree.
15 In contrast to the experiment of Powdthavee and Yohanes (2015), in our setting both sets of signals are identical and public for all subjects.
16 The a priori randomly drawn predictions of the experts 1–5 lead to an ex post success rate of 0.45, 0.525, 0.525, 0.4, and 0.375, respectively.
17 See also Rabin (2002) who  uses a different approach to model false beliefs in the law of small numbers and Asparouhova et al. (2009), who show, using
tructural estimation, that this models generates the best ﬁt in an experiment testing beliefs in regime shifting and the law of small numbers.
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Table 1
Investment decisions across treatments and gender. riskown stands for the ratio of subjects/groups predicting the realization of the coin ﬂip on their own.
riskexpert measures the ratio of delegated decisions to experts among all decisions. riskfree indicates the ratio of choices for the risk-free alternative. M (F)
denotes male (female) individuals, MM denotes male only groups, MIX  are mixed groups, and FF are female only groups.
Treatment Decisions All M/MM MIX  F/FF
indiv riskown 68.8% 67.6% 70.7%
riskexpert 23.8% 27.1% 18.4%
riskfree 7.5% 5.3% 10.9%
comm  riskown 71.8% 67.9% 75.4% 66.9%
riskexpert 23.6% 29.2% 20.5% 22.6%
riskfree 4.7% 2.9% 4.1% 10.4%group  riskown 79.4% 80.6% 78.7% 79.5%
riskexpert 17.2% 18.6% 18.4% 13.6%
riskfree 3.4% 0.8% 2.9% 6.9%
where 0 < 1 −  ≤ 1 stands for the reversion rate to the long-run average of 0.5, t is an i.i.d. normal shock with zero mean,
variance greater than zero, and independent of ut.  > 0 is the consequence of a hot hand belief having evolved, which means
that for  > 0 a belief in a serially correlated variation in  can evolve (i.e., a belief in hot hand).18
4. Results
4.1. Investment decision quality
To tackle RQ 1 on the effects of group decision making on investment decisions, we  ﬁrst compute for each subject/group
the ratio of decisions for predicting the coin toss on her/their own  (riskown), the ratio of delegated decisions to experts
(riskexpert), and the ratio of the risk-free alternative (riskfree) among all decisions. Thus, the number of observations equals
120 in indiv and comm and 60 in group.  Treatment averages (column 3) and averages by gender composition (columns 4–6)
are outlined in Table 1. We  apply Mann–Whitney U-tests to subject (indiv, comm)  or group averages (group) across periods
to determine the statistical signiﬁcance of treatment and gender effects.
In each treatment the majority of decisions is observed in category riskown. However, compared to the benchmark
treatment (indiv) we notice that in treatments comm and group choices for riskown are 3.0 and 10.6 percentage points
higher, respectively. While the impact of communication is small and insigniﬁcant, the marked difference between indiv
and group reveals a signiﬁcant shift in the decision behavior between individuals and groups with groups being closer to an
expected payout maximizing strategy (Mann–Whitney U-test, p-value = 0.0456, N = 180). Almost the mirror image emerges
for riskexpert: decisions delegated to experts are on average highest when subjects decide individually. Communication
among groups does not signiﬁcantly impact decision behavior. However, when deciding in groups, experts are chosen less
frequently with only 17.2% of decisions delegated to them, compared to 23.8% and 23.6% in indiv and comm,  respectively.
Applying Mann–Whitney U-tests, however, these differences turn out insigniﬁcant. Choices for riskfree are highest in indiv
where 7.5% of decisions are observed in this category. In treatments comm and group only 4.7% and 3.4%, respectively,
of decisions are made for riskfree. Compared to indiv this constitutes a reduction of 37% and 55%, respectively. group
exhibits a signiﬁcantly lower share of riskfree decisions as indiv (Mann–Whitney U-test, p-value = 0.0050, N = 180) and
comm (Mann–Whitney U-test, p-value = 0.0275, N = 180).19,20
Next, we analyze subjects’ decision behavior in more detail by looking at its development over time. Fig. 2 shows 3-
period-moving-averages (i.e., an average over periods t − 1, t, and t + 1) of ratios of subjects/groups choosing riskown (upper
left panel), riskexpert (upper right panel), and riskfree (lower left panel). We  ﬁnd that the share of subjects/groups choosing
riskexpert is highest in the ﬁrst couple of periods and decreases markedly over time in all treatments. More speciﬁcally, in
the ﬁrst period the share of subjects choosing an expert is highest at almost 57% in group and 53% in comm,  but clearly
lower at 36% in indiv. These high numbers observed initially are most likely triggered by subjects’ uncertainty about the
experts’ skills, which are difﬁcult to assess at the beginning of the experiment. Following this initial phase the difference
between treatments completely vanishes and shares ﬂuctuate between 20 and 24%. In treatments indiv and comm the share
18 The model of Rabin and Vayanos (2010) assumes that participants are subject to the gambler’s fallacy. This assumption is modeled by letting subjects
(wrongly) believe that the shocks in the signals are negatively autocorrelated rather than normally distributed. According to the model of Rabin and Vayanos
(2010)  the hot (or cold) hand fallacy arises among subjects prone to the gambler’s fallacy, after observing a streak of correct (or incorrect) predictions by a
speciﬁc expert, only if subjects are uncertain about the data generating process. Consequently, the hot hand and the gambler’s fallacy are not symmetric
concepts.
19 In our analyses we  treat observations in treatment comm as independent. Assuming that only group averages are independent we have to re-run the
Mann–Whitney U-tests. The results remain qualitatively unchanged. Now, one additional test reports a signiﬁcant difference for riskown (comm vs. group,
p-value  = 0.0234, N = 120) and another test reports a stronger signiﬁcance level in riskfree (comm vs group,  p-value = 0.0004, N = 120) then previously
reported. Both results strengthen our argumentation that the impact of communication is small and insigniﬁcant while group has a signiﬁcant impact.
20 Masclet et al. (2009) ﬁnd that groups are more likely than individuals to choose safe lotteries; however, differing from their study, in our setting the
expected value from the risky choice (25 Taler on average) is much higher than the risk-free payout of 10 Taler.
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f subjects choosing riskexpert now stabilizes at roughly 21%. Thus, learning seems to have come to an end after periods
–10 in these treatments indicating that a substantial number of subjects still believe in the experts’ skills even after gaining
ufﬁcient experience about the experts’ performance. A different picture emerges for treatment group in which the learning
rocess further continues as evidenced by decreasing shares in riskexpert. However, note that beliefs in the experts’ skills
o not completely die out. Evidence on the issue is found by looking at the very last periods. In all treatments the share of
ubjects/groups choosing riskexpert slightly increases at the end of the experiment. This pattern would not have occurred if
ubjects would consider expert advice useless.
The decrease in the share of riskexpert in the starting phase of the experiment is compensated by an increase in riskown.
fter that corrective behavior occurred the share of riskown remains constant in indiv and comm but slightly increases in
roup, mirroring the results observed in riskexpert. riskown exhibits a decrease in the last periods of the experiment due to
n increase in riskexpert and riskfree. The latter behavior might be explained by subjects trying to shield their earnings from
revious periods from potential losses in the ﬁnal periods.
We  now turn to the second part of RQ 1 and further split results by gender in columns 4–6 of Table 1. M/MM  denotes
ale individuals or groups composed of two men; F/FF respectively stands for female individuals or groups composed of
wo women and MIX  for groups composed of one male and one female participant. The numbers shown in Table 1 reveal no
istinct gender effect in the ratio of decisions for riskown. However, groups involving female participants seem to judge the
xperts more sceptically than groups involving only male participants. While these results indicate a clear tendency, they
orderline conventional signiﬁcance levels and should thus be interpreted carefully.
The risk-free alternative (riskfree) is consistently chosen more frequently when female subjects are involved in the
ecision process. The ratio of riskfree is higher in all subgroups and signiﬁcant in three comparisons (Mann–Whitney U-
ests: M vs. F, p-value = 0.013, N = 120; MM vs. FF, p-value 0.089, N = 32; MIX  vs. FF, p-value = 0.050, N = 44). Thus, our data
upports the widespread evidence that female subjects and female-only groups choose less risky options than their male
ounterparts (see Croson and Gneezy, 2009, and citations therein for a review of evidence).
To further test the presented results on decision behavior, time trends, and gender effects we  run probit regressions (see
able 2) on individual period decision data. Speciﬁcally, we regress the individual subjects’ binary choices for riskown (1 if
iskown, 0 otherwise), riskexpert (1 if riskexpert, 0 otherwise), and riskfree (1 if riskfree, 0 otherwise) on a constant (˛), two
reatment dummies for comm and group,  a time trend variable running from 1 to 40 (Period), and the variable Group Comp
hat discriminates individuals/groups according to gender (0 = M/MM,  1 = MIX, 2 = F/FF). This set of regressors constitutes
334 T. Stöckl et al. / Journal of Economic Behavior & Organization 117 (2015) 327–339
Table 2
Probit regressions on subjects’ binary choices for riskown (1 if riskown , 0 otherwise), riskexpert (1 if riskexpert , 0 otherwise), and riskfree (1 if riskfree, 0
otherwise) based on individual period data with standard errors (in parentheses), clustered at the individual level for INDIV and group level for comm/group.
Model 1 Model 2
riskown riskexpert riskfree riskown riskexpert riskfree
 ˛ 0.112 −0.151 −1.870*** 0.199** −0.272*** −1.756***
(0.099) (0.103) (0.144) (0.099) (0.103) (0.140)
comm  0.084 0.008 −0.244* 0.170 −0.022 −0.569***
(0.112) (0.121) (0.125) (0.119) (0.126) (0.167)
group  0.341*** −0.221* −0.448** −0.038 0.217 −0.517**
(0.122) (0.126) (0.176) (0.149) (0.145) (0.213)
Period  0.018*** −0.024*** 0.009*** 0.014*** −0.017*** 0.003
(0.002) (0.002) (0.002) (0.002) (0.003) (0.003)
Group  Comp 0.025 −0.139** 0.264*** 0.024 −0.139** 0.264***
(0.060) (0.064) (0.073) (0.060) (0.064) (0.073)
comm*Period  −0.004 0.001 0.014***
(0.004) (0.005) (0.005)
group*Period 0.020*** −0.025*** 0.003
(0.006) (0.007) (0.007)
N  14.400 14.400 14.400 14.400 14.400 14.400
Clusters 240 240 240 240 240 240
R-squared 0.0293 0.0455 0.0460 0.0357 0.0532 0.0487
Prob  > 2 0.000 0.000 0.000 0.000 0.000 0.000
Notes: comm and group are treatment dummies; Period is a period indicator and runs from 1 to 40; Group Comp distinguishes group composition 0 = M/MM,
1  = MIX, 2 = F/FF.
* Signiﬁcance at the 10% levels.
** Signiﬁcance at the 5% levels.
*** Signiﬁcance at the 1% levels.
Model 1. To identify differences in learning between treatments we  set up a second regression model (Model 2) in which
we add two terms interacting the treatment dummies for comm and group with Period.
The regression results conﬁrm our previously reported results. While communication has limited impact on individual
decision behavior, group decision making signiﬁcantly increases probabilities for riskown to be chosen and lowers probabili-
ties for the dominated option riskexpert. Also riskfree is chosen with lower probability. The results on time trends for riskown
and riskexpert support the graphical ﬁndings presented above. We observe a signiﬁcantly positive (negative) coefﬁcient of
Period in riskown (riskexpert). In contrast to the coefﬁcient comm*Period of Model 2 the coefﬁcient of group*Period turns out
signiﬁcant indicating continuing learning in that treatment. Results for riskfree support previous ﬁndings on fewer selection
in comm and group but reveal a small but signiﬁcant time trend (see coefﬁcient of Period). The latter effect vanishes in Model
2. We  additionally run regressions testing for gender differences in treatments by interacting the treatment dummies for
comm and group with Group Comp. We  do not report these results here as we do not ﬁnd any signiﬁcant inﬂuence of these
variables while the other coefﬁcient values remain unchanged.21
To summarize, we ﬁnd marked differences in the decision behavior between treatments. While communication has
limited impact, group decision making leads to signiﬁcantly more frequent decisions for riskown compared to the dominated
option riskexpert. Also riskfree is chosen less frequently. Thus, decisions made in groups correspond more to expected value
maximizing behavior. These results support ﬁndings regarding the positive impact of group decision making on decision
quality (Charness and Sutter, 2012; Kugler et al., 2012). In addition, gender differences emerge within each treatment and
are especially pronounced in the riskfree option, which is chosen more frequently by females.22
4.2. Behavioral biasesWe  now turn to RQ 2 on the potential effects of communication and group decision making on the hot hand fallacy and
the gambler’s fallacy. Remember that people prone to the hot hand fallacy (gambler’s fallacy) expect a non-autocorrelated
random sequence to exhibit positive (negative) autocorrelation.
21 Note that the statistical tests presented in this section do not account for the fact that subjects must choose between one of the three alternatives. To
corroborate the presented results we run a multinominal-probit regression, which accounts for this concern. The regression results are presented in Table
A4  in Appendix A of the online supplement and support our main ﬁndings: riskexpert is chosen signiﬁcantly less in group,  over time, and by MIX  and F/FF.
The  results for riskfree are supported as well: signiﬁcantly lower selection probability in comm and group but signiﬁcantly higher probability for MIX  and
F/FF.  Therefore the different evaluation methods used yield identical results. We thank an anonymous referee for suggesting this analysis.
22 See the online supplement, Tables A2 and A3, for an analysis on how frequently individuals and groups switch between the investment alternatives
riskown , riskexpert , and riskfree over the course of the experiment. Most notably, we ﬁnd that switching frequencies in treatment group are signiﬁcantly
lower  compared to the other treatments.
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aig. 3. Left panel: Evidence on the hot hand fallacy by treatments, measuring an expert’s share among all expert decisions conditional on streaks of correct
uesses. Right panel: Evidence for the gambler’s fallacy by treatments, measuring the ratio for head (tail) conditional on streaks of head (tail) realizations
n  the past. EV indicates the naïve expected share assuming unbiased decision behavior (0.2 (0.5) for riskexpert (riskown)).
To document biases in subjects’/groups’ behavior we show their decision behavior conditional on the occurrence of streaks
n Fig. 3, i.e., either streaks of identical coin realizations in riskown or streaks of successful expert decisions in riskexpert.23 In
he left panel we plot the average share of decisions an expert gains among all riskexpert decisions conditional on his recent
treak of correct decisions. Assuming unbiased decision behavior, each expert would on average gain one ﬁfth of all decisions
elegated to experts irrespective of past performance. However, what we  observe is a pattern of biased behavior in each
reatment. An expert’s share among all expert decisions increases steadily with the number of correct decisions in the past,
esulting in numbers well above the naïve expectation. This result is in line with Rabin (2002) who  postulates that a subject
ho is affected by the overinference bias believes that a fund manager who  is successful in two  consecutive periods must
e unusually good. Furthermore, these results support empirical ﬁndings in Sirri and Tufano (1998) showing that successful
und performance in the past leads to a disproportionate inﬂow of new investors and capital. Comparing across treatments
e ﬁnd no statistical differences in expert shares on the streak level (Mann–Whitney U-tests, p-values > 0.10) indicating that
either communication nor group decision making inﬂuences the hot hand fallacy.24 Thus, the overinference bias seems to
ap individual and group behavior quite accurately for those subjects who  choose riskexpert.
In the right panel of Fig. 3 we plot the average frequency (among all riskown decisions) of choosing head (tail) conditional
n streaks of head/tail realizations drawn immediately before.25 Assuming unbiased decision behavior, each side of the
oin should on average gain half of all riskown decisions irrespective of past realizations. The ﬁgure reveals evidence for the
ambler’s fallacy as a speciﬁc side of the coin is chosen less frequently after this side exhibited a streak of several identical
ealizations.26 The bias is observed in all treatments, revealing that subjects in groups are equally exposed to exhibit the
ambler’s fallacy compared to individuals (Mann–Whitney U-tests, p > 0.10). These results on the gambler’s fallacy are in
ine with the ﬁndings of Rapoport and Budescu (1997), expanded by Rabin (2002).
To further test the robustness of these results, we  run two  sets of regressions. In the ﬁrst set, we regress the share among all
xperts as deﬁned above on a constant (˛), two treatment dummies for comm and group,  dummies for each streak realization
ne to ﬁve, and the interactions between treatment and streak dummies. In the second set of regressions we  apply the same
pproach but implement the rate of coin side prediction as a dependent variable. For each set, we  implement OLS and Tobit
stimation procedure. Regression results are presented in Table 3. We  show (a) the upward trend in the share among all
xperts (hot hand fallacy) and the downward trend in the rate of coin side prediction (gamblers’ fallacy). Furthermore it is
vident that (b) these two behavioral biases occur in all three treatments at the same level. Running post estimation Wald
ests, we ﬁnd no signiﬁcant differences between comm and group.
Our ﬁndings can be linked to the model presented in Section 3 which predicts different biases (or in other words,
 different relation between past streaks of outcomes and beliefs in future outcomes) depending on whether subjects are
ertain or uncertain about the data generating process. If subjects, for example, are certain about the fairness of the coin, they
o not develop the hot hand fallacy in the model. Subjects, being absolutely certain that the coin is fair, will not update their
eliefs about the underlying probability distribution in the model, but simply keep believing that outcomes are negatively
utocorrelated (gambler’s fallacy). Alternatively, if subjects are absolutely certain about how the experts make choices, in
23 Note that in our experimental data, ﬁve was  the longest streak length for both, coin and expert streaks. Therefore we  cannot test for the emergence of
he  U-shaped relationship as reported in Asparouhova et al. (2009).
24 We use Mann–Whitney U-tests to determine statistical signiﬁcance throughout this section. Test statistics and details on the test procedure are available
rom  the authors upon request.
25 In the right panel a streak of “0” is missing due to the fact that this would by deﬁnition equal a streak of “1” for the other coin realization yielding
dentical observations for streak lengths 0 and 1.
26 Note that this behavior cannot be termed a “fallacy” in the strict sense, as there are no negative monetary consequences associated with it. We thank
n  anonymous reviewer for pointing this out.
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Table 3
OLS/Tobit regressions on periodic rates of expert’s share among all expert decisions conditional on streaks of correct guesses (hot hand fallacy), and the
rate  of coin side prediction conditional on streaks of the same coin realization in the past (gamblers’ fallacy).
riskexpert riskown
OLS Tobit OLS Tobit
 ˛ 0.162*** 0.162*** 0.558*** 0.558***
(0.028) (0.027) (0.027) (0.026)
Streak1x 0.062 0.062
(0.043) (0.042)
Streak2x 0.094* 0.094** −0.202*** −0.202***
(0.049) (0.048) (0.049) (0.046)
Streak3x 0.123** 0.123** −0.364*** −0.364***
(0.059) (0.057) (0.059) (0.055)
Streak4x 0.239** 0.239** −0.415*** −0.415***
(0.107) (0.104) (0.132) (0.123)
Streak5x 0.430*** 0.430*** −0.412*** −0.412***
(0.107) (0.104) (0.132) (0.123)
comm  0.021 0.021 −0.010 −0.010
(0.040) (0.389) (0.039) (0.036)
comm*Streak1x −0.015 −0.015
(0.062) (0.060)
comm*Streak2x −0.027 −0.027 −0.005 −0.005
(0.070) (0.068) (0.069) (0.065)
comm*Streak3x −0.057 −0.057 −0.020 −0.020
(0.083) (0.081) (0.084) (0.078)
comm*Streak4x −0.095 −0.095 −0.035 −0.035
(0.151) (0.147) (0.186) (0.174)
comm*Streak5x −0.088 −0.088 −0.060 −0.060
(0.151) (0.147) (0.186) (0.174)
group  0.025 0.025 −0.023 −0.023
(0.043) (0.042) (0.039) (0.036)
group*Streak1x 0.049 0.050
(0.065) (0.063)
group*Streak2x 0.052 0.052 0.013 0.013
(0.072) (0.070) (0.069) (0.065)
group*Streak3x 0.069 0.069 0.002 0.002
(0.086) (0.084) (0.084) (0.078)
group*Streak4x −0.017 −0.017 0.020 0.020
(0.169) (0.164) (0.186) (0.174)
group*Streak5x 0.040 0.040 0.025 0.025
(0.152) (0.148) (0.186) (0.174)
N  303 303 120 120
R-squared 0.1969 0.6188
Prob > 2 0.000 0.000 0.000 0.000
Notes: comm and group are treatment dummies; Streak variables are dummies for a speciﬁc streak length.
* Signiﬁcance at the 10% levels.** Signiﬁcance at the 5% levels.
*** Signiﬁcance at the 1% levels.
the model they will not develop the hot hand fallacy. Thus, the ﬁnding that the gambler’s fallacy prevails in riskown and
the hot hand fallacy in riskexpert might be attributed to subjects’ priors about the data generating process behind the coin
realization and experts’ decisions.
Our results on the appearance of both biases support ﬁndings of Ayton and Fischer (2004) who argue that people’s prior
expectations affect their behavior when facing random sequences in different contexts. People believe that basketball players
are getting “hot” (Gilovich et al., 1985) but are less likely to develop the same belief in roulette playing. So, the hot hand
fallacy is usually attributed to human skilled performance, whereas the gambler’s fallacy is often observed with chance
mechanisms.
In Fig. 4 we deepen the analysis by splitting the sample by gender. The left (right) panel repeats the analysis for riskexpert
(riskown). In line with the visual impression of the graphs we  report a weak gender effect, indicating that women  (indiv)
and female-only groups (comm and group)  show a marginally higher proneness to the hot hand fallacy. The right hand side
panels of Fig. 4 reveal no evidence of gender effects within treatments indicating that men  and women exhibit the same
proneness to the gambler’s fallacy.
To summarize, communication and group decision making do not cure subjects from the hot hand fallacy (overinference
bias) or the gambler’s fallacy. In addition, women (indiv) and female-only groups (comm and group)  show a marginally
higher proneness to the hot hand fallacy. These ﬁndings indicate limits to the superior performance of groups compared to
individual decision making.
T. Stöckl et al. / Journal of Economic Behavior & Organization 117 (2015) 327–339 337
0
.
1
.
2
.
3
.
4
.
5
.
6
.
7
.
8
Sh
ar
e 
am
on
g 
al
l e
xp
er
ts
0 1 2 3 4 5
Streaks of correct decisions
M F EV
Hot hand fallacy − INDIV
0
.
1
.
2
.
3
.
4
.
5
.
6
.
7
.
8
R
at
e 
of
 c
oi
n 
sid
e 
pr
ed
ict
io
n
1 2 3 4 5
Streaks of same coin realization
M F EV
Gambler’s fallacy − INDIV
0
.
1
.
2
.
3
.
4
.
5
.
6
.
7
.
8
Sh
ar
e 
am
on
g 
al
l e
xp
er
ts
0 1 2 3 4 5
Streaks of correct decisions
MM MIX FF EV
Hot hand fallacy − COMM
0
.
1
.
2
.
3
.
4
.
5
.
6
.
7
.
8
R
at
e 
of
 c
oi
n 
sid
e 
pr
ed
ict
io
n
1 2 3 4 5
Streaks of same coin realization
MM MIX FF EV
Gambler’s fallacy − COMM
0
.
1
.
2
.
3
.
4
.
5
.
6
.
7
.
8
Sh
ar
e 
am
on
g 
al
l e
xp
er
ts
0 1 2 3 4 5
Streaks of correct decisions
MM MIX FF EV
Hot hand fallacy − GROUP
0
.
1
.
2
.
3
.
4
.
5
.
6
.
7
.
8
R
at
e 
of
 c
oi
n 
sid
e 
pr
ed
ict
io
n
1 2 3 4 5
Streaks of same coin realization
MM MIX FF EV
Gambler’s fallacy − GROUP
Fig. 4. Left panels: Evidence on the hot hand fallacy by gender in each treatment, measuring an expert’s share among all expert decisions conditional on
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or  the gambler’s fallacy between gender in each treatment, measuring the ratio of head (tail) conditional on streaks of head (tail) realizations in the past.
V  indicates the naïve expected share assuming unbiased decision behavior (0.2 (0.5) for riskexpert (riskown)).
. Conclusion and discussion
We  reported results from decision experiments where subjects predicted coin tosses themselves, delegated the decision
o experts or chose a risk-free alternative. We  analyzed three treatments which were distinguished by the role of communi-
ation and group decision making: In the benchmark treatment indiv decisions were made individually. In treatments comm
nd group subjects were assigned to groups of two  and a chat was installed. While communication was  possible in both
reatments, they differed in the way decision making took place. In treatment comm subjects were able to communicate,
ut decided individually. In treatment group subjects had to agree on a decision as a group.
Subjects’ decisions differed signiﬁcantly across treatments. Most importantly, we  showed that (i) communication and
roup decision making did not impact subjects’ overall proneness to behavioral biases like gambler’s fallacy and hot hand
allacy. (ii) Furthermore, groups in treatment group rely less on useless expert advice compared to the other treatments. (iii)
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Group decision making in treatment group led to fewer choices of the risk-free alternative and to more own  guesses on the
realization of the coin toss compared to the other treatments. (iv) Finally, we  observed that gender composition of groups
played a crucial role in investment behavior: groups of two female subjects choose the risk-free investment signiﬁcantly
more often and delegated investment decisions less often to experts than groups of two  male subjects. In addition, we are
the ﬁrst to document that women (indiv) and female-only groups (comm and group)  showed a marginally higher proneness
to the hot hand fallacy.
The main contribution of this paper is twofold. The ﬁrst novel contribution is the ﬁnding that groups do not overcome
hot hand fallacy and gambler’s fallacy. This result is remarkable and deserves further investigation as it contrasts literature
showing the superiority of groups compared to individuals. Note that this superiority of groups holds in strategic (e.g., Feri
et al., 2010; Sheremeta and Zhang, 2010; Cheung and Coleman, 2011; Sutter eta al., 2013) and non-strategic situations
(Blinder and Morgan 2005; Charness et al., 2007; Sutter, 2007; Charness and Sutter, 2012). In addition, the second major
contribution shows that groups act more according to a risk-neutral benchmark (maximizing expected value) corroborating
ﬁndings in Kugler et al. (2012). Groups invest in the risky investment more frequently, choose the risk-free alternative less
often and rely less on outside advice compared to individuals.
Finally, we would like to discuss three issues concerning the interpretation of the presented results. First, one might
reason that the group effect may  arise from a different mechanism as it could be driven by preferences and not beliefs. If
the majority in a group is choosing A, then the average preference for A may  be stronger than the average preference for B.
Following this, when a pair with different preferences is matched, their beliefs may  not converge, but the group is still more
likely to choose A than B due to the strength of preference. This polarization in group preferences could potentially generate
the effect. Under this condition groups do not behave more rationally and the effect is driven by initial conditions. However,
the data we have do not allow us to completely answer this concern. Second, as the subjects in our experiment were not
informed about how the experts made decisions there exist other potential explanations for the observed behavior. The
behavior might be the result of subjects doing Bayesian updating – see Miller and Sanjurjo (2015) for a recent paper showing
that hot hand beliefs are often misinterpreted as hot hand fallacy. Third, once having opted for riskown, the choices made by
the subjects have no longer monetary consequences. Therefore, strictly speaking, a belief in negative autocorrelation of the
coin realizations does not necessarily correspond to a fallacy.
Appendix A. Supplementary data
Supplementary data associated with this article can be found, in the online version, at http://dx.doi.org/10.1016/
j.jebo.2015.07.004.
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